This article describes a dynamic-fuzzy simulation model and proposes an extension to it. The model represents a person's physiological capacity throughout life and simulates the occurrence of risk events from birth until death, including a representation of the process of recovering health after it has been impacted by a risk event. The expanded model incorporates cardiovascular risk factors in order to reproduce curves plotted from real mortality data from a specific population whose cause of death was cardiovascular diseases. By adjusting the parameters, it proved possible to reproduce mortality curves from populations with specific characteristics such as hypertension, obesity and physical activity levels. A simulation model that is capable of focusing on specific populations makes it possible to test alternative intervention designed to reduce the mortality caused by specific diseases, thereby contributing to improved quality-of-life for populations and to cost savings for both public and private health care systems.
INTRODUCTION
For a very long time, humans have been studying the aging process and those elements of it that make people more and more vulnerable to health problems as time passes. While the advances made by modern medicine have led to an increase in populations' life expectancies, the quest for longevity and quality of life still consumes very significant resources (Hayflick 1997) .
Certain types of disease can be identified as causing the largest numbers of deaths in modern times. Diseases related to the cardiovascular system and cancers are responsible for a great deal of expenditure by both the public and private sectors. These costs are by no means restricted to the health care sector. While the incidence of these types of disease continues to be related to a range of indicators that express a person's lifestyle habits and health conditions, changing lifestyle habits are equally capable of worsening or improving the incidence among populations.
The aim of this study is to expand the aging and death simulation model proposed by Schwaab and de Freitas Filho (2009) , by including risk factors for cardiac diseases, in order to improve understanding of the interaction between these factors and the occurrence of age-related diseases. The hope is that the output of such a model could reproduce real-life data from populations with specific pathological characteristics.
In addition to facilitating the study of populations of people with similar characteristics in terms of risk situations, this research may also improve our understanding of the effects that changes to these parameters has on given populations, thereby contributing to increasing people's quality of life and reducing the cost of both public and private health care. This type of study provides a basis for planning preventative strategies designed to avoid future problems.
METHODOLOGY
The methods employed to achieve the goal of expanding the earlier model were primarily based on the System Dynamics methodology (Forrester 1961) . System Dynamics is a modeling technique that provides a common foundation that can be applied to any type of system when it is necessary to understand and to influence the way in which things change over time (Forrester 1998) . Classified as a modeling technique for learning, it aids in achieving deeper understanding of the behavior of systems, with the objective of identifying problematic points at which a range of alternative options can then be tested (Ford 1999) .
The first academic papers dealing with System Dynamics only appeared after the technique had been applied to corporate, administrative and even urban problems for a long time (Radzicki and Taylor 1997 , Forrester 1961 , Forrester 1969 ). The technique is not, however, limited to these types of systems, but can also be used in areas such as medicine, the environment, economics and politics, since it combines the theory, methods and philosophy needed to analyze the behavior of systems (Forrester 1998) .
According to this methodology, dynamic simulation models are constructed from 3 components. Stocks, which are also known as levels, convey the idea of storage, representing the accumulation of entities and the state in which a given variable is over time. Flows represent the processes through which entities pass, both when being added to stocks and when being removed from them, and which determine changes to stock levels. Finally, converters are auxiliary elements that modulate the flows as they transform the stocks and represent rates of change, constants and calculations in general. In combination, these three elements form the basic structure of dynamic simulation models, which are also known as flow diagrams (Deaton and Winebrake 2000) .
The model proposed here has been implemented using the Stella platform (isee Systems 2011), which is a System Dynamics-oriented tool for continuous dynamic simulation that provides the elements necessary to construct flow diagrams and causal loop diagrams, thereby improving understanding of the problem being studied.
As with any model, the model proposed here has limits and it is important to define them clearly. This model does not provide evidence in support of theories about aging and its peculiarities, although it could be classified within one of these theories. Furthermore, this is not a tool to substitute existing methods of population study, but an additional option.
STOCHASTIC MODEL OF AGING AND DEATH
The model on which the current work is based is a stochastic simulation tool designed to aid with the study of the processes of human aging through continuous dynamic modeling and fuzzy modeling (Schwaab and de Freitas Filho 2009 ). The simulation is primarily based on a model of aging and death proposed by Hargrove (1998) , and the core elements of the model proposed by Schwaab and de Freitas Filho (2009) , that is shown in Figure 1 draw on quantitative theories of aging that make it possible to simulate risk events that may take place during a person's lifetime, tracing both effects that are favorable and effects that are detrimental to the subject's survival.
In the model shown in Figure 1 , total and relative capacities represent a person's physical functions. Total Capacity is made up of three components: (1) Function, which is related to personal autonomy, (2) Reserves, which can be considered as the quantity of energy that a person has while alive (3) and Aging, which, in contrast with Function and Reserves, reduces a person's total capacity. The state of each of these elements is defined by the growth rate, reserve rate and rate of aging, respectively. These rates are a function of the interaction between a person's genetics and the environment in which they live. Relative Capacity, in turn, is derived from Total Capacity.
In addition to these elements, the model also expresses the occurrence of problems during a person's lifetime. These may be accidental or could be a consequence of age. The probability of these problems occurring is determined by Age-Dependent Factors, Age-Independent Risk and Relative Capacity, which are calculated using the Monte Carlo method (Hammersley and Handscomb 1964) . When a problem does occur, the Risk Level determines the event's intensity and this is then compared with the person's Survival Limit to determine whether or not they will survive the episode.
If they do survive, the recovery module determines the extent to which their health is affected and the manner in which recovery will occur over time. The module does not only calculate recovery on the basis of the event's impact, but also on the basis of the person's age, since the more advanced a person's age, the lower their capacity to recover (Hayflick 1997) .
Parameters of the Model

Growth Rate
Growth Rate (GR) determines the behavior of a person's growth function, representing functional capacity from birth to death. It increases to a maximum value and then remains constant for the rest of the person's life. The growth function is labeled Function (F) and is defined by the following equation (1), where t represents the simulation period -i.e. the age of the person whose life is being simulated.
As will be observed from the equation, the minimum possible value of function F is 40 and the result of the exponent approaches zero as time passes, which in turn causes F to approach 80. It can therefore be concluded that the greater the value of GR, the faster the function will reach its maximum level.
Reserve Rate
The Reserve Rate (RR) determines the behavior of a function that represents the subject's vital energy. Defined by the expression below (2), the Reserves (R) function is characterized by growth up until approximately 20 years of age, followed by a gradual decline from that point on until death.
In this equation, the greater the Reserve Rate, the higher the point at which the function R peaks and the earlier this maximum point is reached. However, it is important to point out that, the greater the value of RR, the earlier the phase during which the value of R declines will begin, meaning that the energy of a person with high RR will begin to reduce earlier than expected.
Rate of Aging
The Rate of Aging (RA) determines the behavior of a function (3) with the same name. The function represents a process that begins when people reach their maximum level of development and which, according to Hargrove (1998) , starts after 25 years of age.
In this expression, it will be observed that the rate at which the result of this function increases is more accentuated for larger values of RA.
Taken together, Function, Reserves and Aging give a person's Total Capacity, as defined by the equation below (4). Whereas F and R increase the magnitude of the result of the function, A, together with other adjustment factors that are dependent on age (t), causes a reduction in TC, particularly after 25 years of age, when the value of function A is no longer zero.
Finally, in order to calculate a person's effective fitness in the event of a risk, Relative Capacity (RC) is derived from TC using the equation below (5), where I is the Impact that a risk event would have on the person's health if it were to occur. The value of I is the output of an Impact and Recovery Module that will be described in item 3.2 below.
RC(t) =
TC(t) * (1 − I(t)) 87, 67 * 100 (5)
Age-Dependent Factors
Age-Dependent Factors (ADF) represent a person's vulnerability to unpredictable risks because of agerelated factors. The result defines the probability of this type of risk event occurring at some point during a person's life.
According to this equation (6), a MonteCarlo function determines whether or not an Age-Dependent Event (ADE) occurs. This function generates a series of zeroes and ones depending on a given probability, which itself is set as one of the function's parameters. As would be expected, the probability of an Age-Dependent Event occurring increases as time passes.
Age-Independent Risk
Age-Independent Risk (AIR) also represents people's vulnerability to unpredictable risks, but in the case of this parameter, the risks are external and totally independent of age.
A MonteCarlo function also defines whether or not an Age-Independent Event (AIE) occurs, as shown in the equation above (7) and while it is not dependent on a person's age, the probability that an event of this type will occur also increases as time passes, because Relative Capacity reduces. Together, these two factors define whether a person will or will not suffer a Risk Event Occurrence (REO), irrespective of whether that event is dependent on or independent of age.
Risk Level
In the event of a Risk Event Occurrence, the Risk Level (RL) defines the effect that the event will have on a person's health, defined according to the following equation (9).
In this equation, the Risk Factor (RF) combines variables related to the health conditions of the population and is involved in determining the extent to which an event will affect a person's health. The effect of RF is different at different ages, becoming more intense as age increases. The value of RF is in the range of 0.525 to 0.7, which represents a health status that is considered reasonable (Hall and Zwemer 1979) .
The Survival Limit (SL) defines the maximum effect that a person can suffer and is defined by the following equation (10).
If the Risk Level of the event suffered is greater than the person's Survival Limit then they die. However, if the effect is below this limit, the person's Total Capacity is reduced, representing the impact that the event has on their health.
Impact and Recovery Module
The Impact and Recovery Module represents a person's capacity to recover from an impact that puts their health and survival at risk. It is designed to determine the speed with which they are able to recover, based on their age and the intensity of the impact they have suffered.
The effects of a risk event have an Impact on the subject's capacity for survival, in order to simulate the sequelae left by the event. These possibly reduce over time, as Recovery progresses. Furthermore, Recovery is also dependent on the age of the person being modeled, since the more advanced their age, the lower their capacity for Recovery. The Impact and Recovery Module therefore comprises a fuzzy inference machine (Zadeh 1965 ) whose inputs are the variables Age and Impact and whose output is Recovery of the subject's health.
Before calculating Recovery, it is first necessary to define the Impact suffered (I), i.e., the extent to which the risk event has affected the person's health.
In the expression above (11), t is current simulation time and t − 1 is the immediately preceding time. The value of CI defines the extent to which the event impacts on the person's health, increasing the value of I. In contrast, IMP represents the person's Improvement after a Risk Event Occurrence and as such reduces the value of I. Their magnitudes are defined by the following two equations (12) and (13). In the second expression (13), a person's Recovery is given by the output of the fuzzy inference machine and is represented by REC.
Ferranti and Freitas Filho
IMP(t) = REC(t) * I(t)
The input variables Age and Impact are used to define the value of REC. Age is expressed as a number in the range of zero to 100 years and then split into four fuzzy sets -children, young people, adults and the elderly -determined using a trapezoidal membership function. The variable Impact is defined along a scale from zero to 1 and also has four fuzzy sets -weak, mild, moderate and strong -distributed in an approximately uniform manner along the variable's support. Since this input has a greater degree of imprecision, its fuzzy sets were defined using sigmoidal membership functions for the terms "weak" and "strong" and using the product of two sigmoidal functions for the terms "mild" and "moderate" (Klir and Yuan 1995) . Finally, the variable Recovery was defined in a similar manner, using sigmoidal functions and the product of two sigmoidal to classify the values along a support from zero to 1, comprising the fuzzy sets stable, slow, moderate and fast.
The rule base takes account of the fact that a person's vital functions reduce as they get older, meaning that their capacity to recover also reduces with age (Table 1 ). This means that the process of improvement becomes ever slower. Figure 2 shows the output surface obtained using the following fuzzy system parameters: product for t-norm and implication, maximum for aggregation and smallest of maximum for defuzzyfication. It will be observed that the greater the values of Age and Impact, the lower the value of Recovery.
EXPANSION OF THE SCHWAAB AND FREITAS FILHO MODEL (2009)
The model proposed in this paper is an expansion of a model created by Schwaab and de Freitas Filho (2009) and is designed to determine a person's probability of death according to their age, health status and lifestyle habits.
Cardiovascular diseases rank as one of the principal causes of death globally and that is why they were chosen as the focus of this proposed model, which is designed to simulate the behavior of a population that has a series of factors habitually used to screen for this potential cause of death. The extension to the model, which is illustrated in Figure 3 , incorporates elements taken from the Geller tables, which make it possible to use variables such as sex, age and risk indicators to determine the probability that some type of health problem will occur during a person's life (Hall and Zwemer 1979) .
A Compound Risk Factor (CRF) is an expression of a person's level of risk of a given cause of death; in this case a cardiovascular disease. Its value represents the probability that a person with certain characteristics will die of the cause of death in question. 
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Implementation of the Compound Risk Factor Module
The CRF is calculated on the basis of individual risk indicators that are applicable to the cause of death in question and which represent a population's health characteristics and lifestyle habits. The inputs for this calculation are the values of each indicator, by age and sex of the person whose risk is being modeled. The indicators included for cardiovascular diseases are: systolic pressure, diastolic pressure, cholesterol, diabetes, physical activity, smoking and obesity.
The value of each risk indicator, also known as the factor's relative risk, is calculated from the odds ratio between the probability of death due to the disease in question, for members of a subset with a given risk indicator, and the probability of death from the same cause for all members of the population.
The risk indicators are combined in the following manner in order to calculate a person's CRF: all indicators with a risk factor ratio of < 1 are multiplied together and the product is added to the sum of all indicators with a factor of > 1. The number of risk indicators with a factor of > 1 is then subtracted from the result of the last addition (Hargrove 1998 ).
As will be observed in Figure 3 , the CRF is used to calculate a person's Probability of Death (PD). Depending on the sex that is input, the model will multiply the CRF by the corresponding probable mortality rate, resulting in a new probability of death that is increased or decreased according to the subject's lifestyle habits, which are reflected in their CRF.
The subject's probability of death is then used to calculate their Survival Limit for the age group in which they are during the simulation. Originally, the Survival Limit was calculated simply on the basis of the subject's Relative Capacity, as shown in the SL equation (10) above. The alteration proposed here is to vary the Survival Limit in accordance with the calculated probability of death, which substitutes the constant originally used to multiply the Survival Limit with a coefficient derived from the subject's probability of death.
The objective of this modification is to make the Survival Limit function reflect the impact that CRF has on survival, i.e., the greater the probability of death, the lower the Survival Limit, and vice versa.
The starting point for calculating the new Survival Limit coefficient is the value of RF, which is treated as certain death for a person in the age group in question. The Limit (L) defines the multiplier that will then set the subject's Survival Limit, according to the expression below (14), where RF and PD are the Risk Factor and the subject's Probability of Death, respectively.
Finally, the formula for Survival Limit given earlier was altered as shown in the following equation (15).
The objective of this calculation was to achieve a distance between the curves for Risk Factor and Survival Limit, when superimposed, that corresponds to the probability of death calculated previously.
RESULTS
Data from two different sources were used to validate the results of the expanded model: (1) the EPIDOSO project, which is a prospective epidemiological study of elderly people conducted by the Center for Aging Research at the Federal University of São Paulo (Ramos 1998 ) and which provides data on the characteristics of the population; and (2) the SEADE Foundation which is the State of São Paulo's data processing agency and which provided mortality data on this population, with dates and causes of death (SEADE 2011). The two datasets were sorted into case studies, according to the population's characteristics and mortality rates were classified by age groups.
Each complete simulation using the model represents one person and the results of the simulation represent that person's lifetime. It was necessary to adjust the fit of the parameters in order to achieve acceptable results for all case studies in which the cause of death was cardiovascular diseases. These values were defined taking into account the sensitivity reported by an experimental study that monitored all of the parameters needed for the original model and observation of the resulting data.
The objective was not to achieve results that were identical to the real data, but to achieve an approximation that was within acceptable margins of error. The real population data used to validate the model was broken down according to certain characteristics in order to define specific case studies that were then analyzed in order to aid understanding of the effect that the risk indicators have on the life expectancy and mortality rate of the population. Results were verified by calculating confidence intervals for each age group. The results are illustrated in Figures 4 to 7 below, each of which show the curve generated by the expanded simulation model, the curve traced by the real-life data and the confidence interval limits, adopting α = 0.05%. Figure 4 presents results of the proposed model for the validation case with the following characteristics: male, free from high blood pressure, free from diabetes, not obese and does not practice physical activity. Data on smoking and cholesterol not given. Figure 4 : Results of the proposed model for a case with the following parameters: GR = 0.14, ADF = 4, RR = 0.05, AIR = 100 and RA = 0.018.
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The model was judged to be valid on the basis of the graph shown in Figure 4 , since the curve plotted from the real mortality data for the study population is within the limits of the confidence interval that had been adopted (α = 0.05%). Figure 5 presents results of the proposed model for the case study 1 with the following characteristics: female, mild high blood pressure (that does not interfere with her life), free from diabetes, not obese and does not practice physical activity. Data on smoking and cholesterol not given. Observing this figure, it will be noted that the mortality rate defines 3 distinct age groups: (1) from 60 to 69 the mortality rate is low, at less than 7%; (2) from 70 to 79 the rate is between 9 and 21%; and (3) over 80 years of age, the mortality rate is between 80 and 85%. Figure 6 presents the results of the proposed model for the case study 2 with the following characteristics: female, free from high blood pressure, free from diabetes, not obese and practices physical activities 3 or more times per week. Data on smoking and cholesterol not given. Observing this figure, it will be noted that the mortality rate in the first age group (from 60 to 69 years) is practically negligible, at below 4%. In the age group from 70 to 79, the mortality rate is between 2 and 13% and, finally, in the age group over 80 years mortality is from 84 to 99%. Figure 7 presents results of the proposed model for the case study 3 with the following characteristics: male, free from high blood pressure, free from diabetes, not obese and practices physical activities 3 or more times per week. Data on smoking and cholesterol not given. Observing this figure, it will be noted that the mortality rate in the age group from 60 to 69 years is below 7%. In the age group from 70 to 79, the mortality rate is between 19 and 33% and, finally, in the age group over 80 years mortality is from 63 to 79%.
Case Studies
Case studies 1 and 2 differ in terms of the characteristics high blood pressure and physical activity level. A comparison of the results (Figures 5 and 6 ) reveals that the mortality rate is lower in case study 2 in the first two age groups with relation to case study 1. This observation leads to the conclusion that maintaining good blood pressure and participating in physical activities have an impact on a person's lifespan, delaying mortality in the population. Case studies 2 and 3 differ in terms of the sex of the population. A comparison of the results (Figures 6 and 7) reveals that the mortality rate is higher in case study 3 than case study 2 in 
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Figure 7: Results of the proposed model for a case study with the following parameters: GR = 0.14, ADF = 4, RR = 0.03, AIR = 100 and RA = 0.022. the second age group. This observation leads to the conclusion that sex is related to a person's lifespan, anticipating mortality in the male population.
CONCLUSIONS
This article has both described and proposed an extension to a dynamic-fuzzy simulation model which represents a person's physiological functions throughout life and expresses the occurrence of risk events which may occur in the form of accidents or as a result of advancing age.
The model on which the expanded model is based (Schwaab and de Freitas Filho 2009 ) was originally used to reproduce mortality curves for the general population of the Brazilian state of Santa Catarina and so it did not take into account specific risk factors that can either exacerbate or attenuate the incidence of diseases that are causes of death within the population, nor the fact that appropriate changes to factors related to lifestyle habits can both avoid and reverse conditions that aggravate diseases, such as hypertension, cholesterol and diabetes.
The proposal described here was therefore to refine the earlier model by including specific risk indicators for cardiovascular diseases in order to calculate the impact of these indicators on the probability of death of people who share certain characteristics. The results generated by the model were validated against mortality curves plotted with data from a prospective epidemiological study provided by the EPIDOSO project (Ramos 1998) and mortality data from São Paulo's SEADE Foundation (SEADE 2011) . The model proved capable of reproducing real-life mortality data curves for populations considered to be homogeneous in terms of characteristics such as hypertension, diabetes, obesity and physical activity level.
Constructing a simulation model that deals with the aging process and with the risk factors associated with causes of death is one means of achieving a better understanding of the factors involved in the process, thereby facilitating the planning of strategies to attenuate the incidence of these diseases through the adoption of appropriate lifestyle habits. In contrast, validation of such strategies using real populations can only be achieved through long-term follow-up studies.
